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A B S T R A C T
We propose a globally applicable algorithm (GAASPM) to seamlessly retrieve the concentration of suspended
particulate matter (SPM) (CSPM) from remote sensing reflectance (Rrs(λ)) across ocean to turbid river mouths
without any hard-switching in its application. GAASPM is based on a calibrated relationship between CSPM and a
generalized index for SPM (GISPM) from water color. The GISPM is mainly composed of three Rrs(λ) ratios (671,
745, and 862 nm over 551 nm, respectively), along with weighting factors assigned to each ratio. The weighting
factors are introduced to ensure the progressive application of Rrs(λ) in the longer wavelengths for increasing
CSPM. Calibration of GAASPM employed data collected from multiple estuarine and coastal regions of Europe,
China, Argentina, and the USA with the measured CSPM spanning from 0.2 to 2068.8 mg/L. Inter-comparison
with several recalibrated well-known CSPM retrieval algorithms demonstrates that GAASPM has the best retrieval
accuracy over the entire CSPM range with a relative mean absolute difference (rMAD) of 41.3% (N=437). This
averaged uncertainty in GAASPM-derived CSPM is mostly attributed to the retrievals from less turbid waters where
CSPM<50mg/L (rMAD=50%, N=214). GAASPM was further applied to the Visible Infrared Imaging
Radiometer Suite (VIIRS) measurements over prominent coastal areas and produced reliable CSPM maps along
with realistic spatial patterns. In contrast, applications of other CSPM algorithms resulted in less reliable CSPM
maps with either unjustified numerical discontinuities in the CSPM spatial distribution or unsatisfactory retrieval
accuracy. Therefore, we propose GAASPM as a preferred algorithm to retrieve CSPM over regions with a wide
range of CSPM, such as river plume areas.
1. Introduction
Suspended particulate matter (SPM) is one of the important water
constituents that determines water clarity. Knowledge of SPM dynamics
in the estuarine and coastal waters could advance our understanding of
erosion and deposition processes, biomass primary production, and the
transport of sediments, nutrients, and heavy metals (Volpe et al., 2011).
Quantitative and accurate monitoring of the SPM dynamics has,
therefore, long been desired for effective coastal management and
water quality assessment (Nechad et al., 2010). Traditional methods
with discrete sampling can only provide limited information on the
spatial-temporal variation of SPM. The remote sensing technique, on
the other hand, can provide frequent, synoptic, and consistent ob-
servations (IOCCG, 2000, 2006).
Because the concentration of SPM (CSPM, in mg/L) can alter the
appearance of water color, there has been a long history of retrieving
CSPM from ocean color, such as the remote sensing reflectance (Rrs(λ), in
sr−1). Generally, Rrs(λ) is a function of the total absorption and back-
scattering coefficients (a(λ) and bb(λ), respectively), and a(λ) and bb(λ)
are functions of CSPM. In extremely clear waters, particularly the ocean
gyres, the extremely low concentrations of suspended inorganic matter
delivered from the air and the suspended organic matter, such as
phytoplankton detritus, do not contribute much to either a(λ) or bb(λ),
resulting in a less sensitive correlation between Rrs(λ) and CSPM. The
https://doi.org/10.1016/j.rse.2019.111491
Received 6 March 2019; Received in revised form 13 October 2019; Accepted 20 October 2019
∗ Corresponding author. University of Massachusetts Boston, School for the Environment, Boston, MA, 02125, USA.
E-mail address: xiaolong.yu@umb.edu (X. Yu).
Remote Sensing of Environment 235 (2019) 111491
Available online 25 October 2019
0034-4257/ © 2019 Elsevier Inc. All rights reserved.
T
relatively large uncertainties of the measured Rrs(λ) and CSPM in such
waters could also contribute to the poor Rrs(λ)-CSPM correlation. With
increasing CSPM, Rrs(λ) starts to be sensitive to CSPM, especially at visible
bands (VIS) (Binding et al., 2005; Loisel et al., 2014). However, Rrs(λ)
in the visible bands tend to saturate and the CSPM-sensitive wavelength
shifts to longer wavelength at the near-infrared (NIR) bands in turbid
waters (Luo et al., 2018; Shen et al., 2010a) and even to the shortwave
infrared (SWIR) bands in extremely turbid waters (Knaeps et al., 2015;
Nechad et al., 2010; Shi et al., 2018). As a result, CSPM was preferably
retrieved from Rrs(λ) at the NIR and SWIR bands for highly turbid
waters (Doxaran et al., 2002a, 2002b; 2003; He et al., 2013; Zhang
et al., 2010).
However, existing algorithms were mostly developed for a specific
range of CSPM and are not suitable for general applications in turbid
estuarine and coastal waters, where CSPM could span over four orders of
magnitude. Alternative methods were proposed with multiple algo-
rithms employed for different CSPM ranges associated with hard-wired
switching schemes (Shen et al., 2010b, 2014). But using hard-wired
switching schemes always come with a demerit that the derived CSPM
will likely result in discontinuity, which is particularly apparent when
applying such schemes to satellite data (Shen et al., 2013). Switching
algorithms employing a blending scheme were also proposed to ensure
a smooth transition between algorithm output (Dogliotti et al., 2015;
Han et al., 2016; Novoa et al., 2017). However, these algorithms re-
quire reflectance values at certain wavelengths as the switching
boundaries, which differed significantly in the published studies. It is,
thus, a challenge to choose the ‘right’ boundaries for global applica-
tions. Therefore, novel and mechanistic algorithms that can obtain
smooth and natural coverage of CSPM in coastal regions are still strongly
desired.
In this study, we propose a globally applicable algorithm for CSPM
retrieval (GAASPM) to account for the shifting of the most sensitive
Rrs(λ) to increasing CSPM. Calibration of GAASPM was conducted by in
situ data collected from multiple estuarine and coastal regions around
the world, resulting in reliable CSPM retrievals for both clear and turbid
waters. Further, GAASPM was applied to the Visible Infrared Imaging
Radiometer Suite (VIIRS) images and produced reasonable CSPM maps
over turbid estuarine and coastal waters along with realistic spatial
patterns.
2. Data and methods
2.1. In situ datasets
Four in situ datasets with simultaneous measurements of CSPM and
Rrs(λ) were employed in this study for algorithm calibration and vali-
dation. The four datasets consist of the Changjiang, the SeaSWIR, the
University of Massachusetts Boston (UMB), and the Coastal Surveillance
through Observation of Ocean Color (COASTLOOC) datasets, with the
locations of sampling sites presented in Fig. 1.
2.1.1. The Changjiang dataset
Three field campaigns were conducted in the Changjiang (Yangtze
River, China) estuary in February and June of 2011 and March of 2013.
Rrs(λ) spectra were measured by the Hyperspectral Surface Acquisition
System (HyperSAS, Satlantic Inc., Canada), which concurrently mea-
sures the upwelling radiance above the sea surface (L λ( )t , in W/m2/
nm/sr), the sky radiance (L λ( )i , in W/m2/nm/sr), and the downwelling
irradiance just above the surface (E λ( )s , in W/m2/nm) from 350 to
858 nm in 136 spectral channels. The viewing geometry of the mounted
sensors was conformed to the NASA protocol to minimize sun glint
contamination (Fargion and Mueller, 2000). Rrs(λ) was calculated from
the radiometric measurements following (Mobley, 1999),
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where ρ is the sea-surface reflectance factor, which is a function of solar
zenith angle and surface roughness and is computed by the Ruddick-
Hojerslev model (Ruddick et al., 2006). The spectra of obtained Rrs(λ)
are presented in Fig. 2a.
Water samples were collected in duplicates concurrently with
radiometric measurements at each station and then filtered on board
using pre-combusted (450 °C for 6 h) and pre-weighed GF/F glass mi-
crofiber filters (Whatman ®). Particle-loaded filters were rinsed three
times with Milli-Q water to remove dissolved salt and temporarily
stored in a −20 °C freezer during the cruise. The filters were dried at
60 °C for 24 h and then re-weighed in the laboratory. SPM concentra-
tion of each sample was calculated as the difference between the re-
weighed particle-loaded filter and the pre-weighed blank filter and then
divided by the volume of filtered water. CSPM of each station was
averaged from the duplicate measurements, which varied from 0.7mg/
L to 2068.8 mg/L with a mean value of 412.4mg/L. Table 1 summarizes
the four datasets with a brief description of each dataset.
2.1.2. The SeaSWIR dataset
The SeaSWIR dataset is a publicly available dataset, which consists
of 137 concurrent measurements of Rrs(λ) and CSPM at three turbid
estuarine sites in the Gironde of France, the Río de La Plata of
Argentina, and the Scheldt of Belgium (Knaeps et al., 2018). Rrs(λ)
spectra were measured by ASD (Analytical Spectral Devices, Inc.) with a
spectral resolution of 1 nm from 350 to 2500 nm. The SeaSWIR dataset
provides only Rrs(λ) from 350 to 1300 nm because water is black be-
yond 1300 nm. Fig. 2b presents the Rrs(λ) spectra of the SeaSWIR data
from 400 to 900 nm. SPM samples were also filtered using the GF/F
filters with the measured CSPM ranging from 48.3 to 1400.5 mg/L and a
mean value of 275.1 mg/L. Details regarding the measurements of
Rrs(λ) and CSPM are described in Knaeps et al. (2018).
2.1.3. The UMB dataset
The UMB dataset includes data collected from one cruise in the Gulf
of Mexico in September 2013 and four cruises in the Massachusetts Bay
from June to November of 2018. Rrs(λ) spectra were measured by a
floating system, named the Radiometer Incorporated Skylight Blocked
Apparatus (RISBA) (Lee et al., 2013). This RISBA is equipped with one
hyperspectral irradiance sensor and one radiance sensor (HyperOCI,
Satlantic Inc.) with radiometric measurements at ~ 3 nm increments
from 350 to 800 nm. The radiance sensor, incorporated with a custom
designed cone, can measure spectral water-leaving radiance (Lw(λ))
directly by blocking off the surface-reflected skylight. With simulta-
neously measured Es(λ) by the irradiance sensor, Rrs(λ) can be com-
puted as the ratio of Lw(λ) and Es(λ). The computed Rrs(λ) was later
corrected for the instrument self-shadowing (Shang et al., 2017). Note
that RISBA was always kept> 20m away from the ship to minimize
ship perturbations during the deployment. The uncertainties of mea-
sured Rrs(λ) by RISBA are around 5% in visible bands (Lee et al., 2013).
The spectra of measured Rrs(λ) are presented in Fig. 2c. Determination
of SPM concentration adopted the same method as described in Section
2.1.1, with the measured CSPM ranging from 0.2 to 30.6 mg/L and
averaged at 5.7 mg/L.
2.1.4. The COASTLOOC dataset
The COASTLOOC dataset consists of 422 observations of marine
reflectance and bio-optical parameters collected from European coastal
waters (Babin et al., 2003). It was the irradiance reflectance just be-
neath the sea surface R(λ, 0-) available in the COASTLOOC dataset
instead of Rrs(λ). The raw COASTLOOC dataset was filtered for con-
current measurements of CSPM and R(λ, 0-) at 411, 443, 456, 490, 509,
532, 619, 665, 683, 705, 779, and 866 nm, where 99 observations were
retained. SPM samples were also filtered using the GF/F filters with the
measured CSPM ranging from 0.7 to 72.8 mg/L and averaged at 4.8mg/
L. The R(λ, 0-) was converted to Rrs(λ) based on Zhang and Fell (2007),
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where t is the transmittance of the air-sea interface, n is the real part of
the complex refraction index of seawater, and Q is the upwelling irra-
diance-to-radiance ratio. In this study, t2/n2 is approximated by a
constant factor of 0.54 (Austin, 1974) and Q is set to 4.0 (Loisel and
Morel, 2001), resulting in Rrs(λ)= 0.133 R(λ, 0-). Note that Q typically
varies between 3.5 and 5.0 under typical measurement conditions
(Loisel and Morel, 2001). A simplified solution to Eq. (2) with constant
Q will introduce uncertainties to calculated Rrs(λ). However, the de-
pendencies of Q could be mostly canceled out when Rrs(λ) ratios are
used for algorithm development (Zhang and Fell, 2007).
Since Rrs(745) is required in this study for algorithm development,
while this wavelength is absent from the COASTLOOC dataset, the
multispectral Rrs(λ) was interpolated to hyperspectral Rrs(λ) using a
semi-analytic approach (described in Appendix 1). The spectral Rrs(λ)
of the retained COASTLOOC observations are shown in Fig. 2d. Note
that uncertainties of the interpolated Rrs(745) could have minimal im-
pacts on the derived CSPM for the COASTLOOC dataset as CSPM is
generally low in this dataset (see discussions in Section 4.2).
2.2. VIIRS and atmospheric correction
VIIRS, onboard the Suomi National Polar-orbiting Partnership
(SNPP) satellite, is one of the operational moderate resolution ocean
color imagers with a spatial resolution of 750m. VIIRS-SNPP acquires
radiometric measurements at seven spectral bands from the visible to
NIR, with the nominal center wavelengths of 410, 443, 486, 551, 671,
745, and 862 nm. In this study, VIIRS images were atmospherically
corrected by the NOAA Multi-Sensor Level-1 to Level-2 (MSL12) ocean
color data processing system using a combined NIR and SWIR atmo-
spheric correction algorithm (Wang, 2007; Wang and Shi, 2007). The
NIR-SWIR algorithm proceeds with the standard NIR algorithm for the
open oceans (Gordon and Wang, 1994), whereas the SWIR algorithm is
used for the turbid waters in coastal regions (Wang, 2007; Wang and
Shi, 2007). The NIR algorithm assumes ‘black ocean’ at the NIR bands
(745 and 862 nm), while the SWIR algorithm adjusts the assumption to
the SWIR bands (1238 and 1601 nm) for turbid waters (Jiang and
Fig. 1. Sampling locations of the four in situ datasets.
The red, green, magenta, and blue crosses represent
the Changjiang, the SeaSWIR, the UMB, and the
COASTLOOC datasets, respectively. Three insert fig-
ures zoom in the sampling locations in the
Massachusetts Bay, the Río de La Plata estuary, and
the Changjiang estuary, respectively. (For inter-
pretation of the references to color in this figure le-
gend, the reader is referred to the Web version of this
article.)
Fig. 2. Measured Rrs(λ) spectra of the Changjiang (a), the SeaSWIR (b), the UMB (c), and the COASTLOOC (d) datasets.
X. Yu, et al. Remote Sensing of Environment 235 (2019) 111491
3
Wang, 2014). A turbid water index, developed by Shi and Wang (2007),
is pre-computed to identify the turbid water pixels where the SWIR
algorithm can be implemented.
To evaluate the performance of VIIRS Rrs(λ) products, satellite
match-up pairs were acquired over a 3-by-3-pixel window centered at
the in situ sampling site with the following criteria applied. First, the
field-measured Rrs(λ) were sampled within 1 h of the VIIRS-SNPP
overpass. The selected time difference is to account for the significant
spatial-temporal variabilities of water masses in estuarine and coastal
waters due to the strong tide and rapid current and runoff. Second, at
least 50% of the pixels were valid within the 3-by-3-pixel window. All
pixels flagged as land, cloud, cloud straylight or shadow contamination,
high glint, and atmospheric correction failure were considered invalid.
For the SeaSWIR dataset, this threshold was relaxed to 30% because
some of the sampling sites were dock-based, and at least one-third of
the 3-by-3-pixel window is flagged as land. At last, the median Rrs(λ) of
the 3-by-3-pixel window was used as satellite-derived Rrs(λ).
2.3. Algorithms for CSPM retrievals
The Changjiang and UMB datasets do not have Rrs(862) that re-
quired for algorithm development. For the Changjiang dataset, which
has comparable CSPM range with the SeaSWIR dataset (Table 1),
Rrs(862) is computed from measured Rrs(858) using the Rrs(862)-
Rrs(858) relationship calibrated from the SeaSWIR dataset (R2=1,
N=137),
Rrs(862)= 0.983× Rrs(858). (3)
For the UMB dataset, which has similar CSPM range as the COAST-
LOOC dataset (Table 1), Rrs(862) is computed from measured Rrs(800)
using a calibrated relationship between interpolated Rrs(800) and
Rrs(862) from the COASTLOOC dataset (R2=0.96, N=98),
Rrs(862)= 0.483× Rrs(800). (4)
The empirical relationship of Eq. (4) could introduce extra errors to
the calculated Rrs(862). However, these errors should have minimal
impacts on the derived CSPM for the UMB dataset due to the low CSPM
values, as discussed in Section 4.2.
2.3.1. Development of a novel algorithm for wide-range CSPM
CSPM and Rrs(λ) data pairs were partitioned into four subsets to
evaluate the sensitivity of Rrs(λ) to separate CSPM ranges. The four
groups are defined by the CSPM range and are classified as ‘clear’ waters
(CSPM < 1mg/L, N= 47), ‘low turbidity’ waters
(1 < CSPM < 10mg/L, N= 132), ‘moderate turbidity’ waters
(10 < CSPM < 50mg/L, N=41), and ‘high turbidity’ waters
(CSPM > 50mg/L, N=217), respectively. Note that the selection of
such criteria is somewhat arbitrary but can adequately demonstrate the
sensitivity of Rrs(λ) to increasing CSPM.
The coefficient of determination (R2) from linear regressions be-
tween CSPM and Rrs(λ) at a single VIIRS band and the band ratio of
Rrs(λ) over Rrs(551) for the four subsets are shown in Fig. 3. As pre-
sented in Fig. 3a, the most sensitive Rrs(λ) to CSPM shifts progressively
from 671 nm to 862 nm with increasing CSPM, which is consistent with
the results in Shen et al. (2010b). It is worthy to note that the ratios of
Rrs(λ) to Rrs(551) have higher R2 values with CSPM than the individual
Rrs(λ). Therefore, CSPM could be more sensitive to the band ratios,
which is likely due to the fact that using band ratios can partially re-
move the effects of bi-directional variations of Rrs(λ) (Doxaran et al.,
2006). Therefore, Rrs(λ) to Rrs(551) ratios, rather than Rrs(λ) values, are
employed in this study to develop the retrieval algorithm for CSPM.
Given that the sensitive wavelength in Rrs(λ) for CSPM varies with
increasing CSPM, band ratios of Rrs(671), Rrs(745), and Rrs(862) over
Rrs(551) are all included to retrieve CSPM for waters from ocean to
turbid river mouths. More importantly, we introduce weighting factorsTa
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to progressively adjust the weights of the three band ratios to effectively
account for the shift of the Rrs(λ) to the CSPM-sensitive wavelength. As a
result, a generalized index for SPM (GISPM) is formulated,
∑= × + × ×
=
GI c R
R
c W R
R
(551)
(486)
(λ )
(551)SPM
rs
rs i
i i
rs i
rs
0
1
3
(5)
where c0-3 are empirical coefficients, and W1-3 are the weighting factors
for Rrs(λ) at λ1 (671 nm), λ2 (745 nm), and λ3 (862 nm), respectively.Wi
is defined as,
=
+ +
=W R
R R R
i(λ )
(λ ) (λ ) (λ )
,    1,   2,   3i rs i
rs rs rs1 2 3 (6)
The band ratio Rrs(551)/Rrs(486) in Eq. (5) is introduced to partially
and empirically account for the variation of chlorophyll-a concentration
in clear and low turbidity waters, as it may also contribute to the ratio
of Rrs(671)/Rrs(551). The SPM concentration is finally calculated from
the GISPM using a power-law function,
= ×C a GI[ ]SPM aSPM 1 2 (7)
where a1 and a2 are the algorithm coefficients. Values of the algorithm
constants (c0-3 and a1-2) in Eq. (5) and Eq. (7) were calculated from
nonlinear least-square-fit using paired CSPM and Rrs(λ) ratios from the in
situ datasets, with results as 20.43, 2.15, 0.04, 1.17, 0.4, and 14.86 for
a1, a2, c0, c1, c2, and c3, respectively (also see Table 2). Note that it is
dimensionless for the coefficients c0-3 and a2, while the units for a1 is
mg/L.
2.3.2. Other retrieval algorithms for CSPM
Table 3 lists a few typical algorithms in the literature that are em-
ployed in this study for algorithm inter-comparison. The second column
in Table 3 presents the algorithm formulae and coefficients as in the
literature, while the third column shows adjusted algorithm coefficients
that are recalibrated using the in situ datasets of this effort. The Dsa_07
(D'Sa et al., 2007) was explicitly proposed for relatively clear waters
and was recalibrated using data with CSPM < 50mg/L only. The Dox-
aran_02 (Doxaran et al., 2002a) and He_13 (He et al., 2013) were
perceived appropriate for turbid waters only, and they were therefore
recalibrated using data with CSPM > 50mg/L. The Geostationary
Ocean Color Imager (GOCI) algorithm in Table 3 is the standard CSPM
algorithm for processing GOCI data, which employs two respective al-
gorithms for less-turbid and turbid waters (Min et al., 2013; Siswanto
et al., 2011). In this study, GOCI and Shen_10 (Shen et al., 2010b) used
the same hard-wired switching scheme to estimate CSPM for less turbid
waters (CSPM < 50mg/L) and highly turbid waters (CSPM > 50mg/L),
with a switching threshold of Rrs(671)= 0.02 sr−1. We followed this
approach for consistency, also because 97% of highly turbid samples in
our datasets having Rrs(671) > 0.02 sr−1 and 94% of the less-turbid
samples having Rrs(671) < 0.02 sr−1.
In addition to the relatively simple empirical algorithms described
in Table 3, we also included Mao_12 (Mao et al., 2012), Dogliotti_15
(Dogliotti et al., 2015), Han_16 (Han et al., 2016), Novoa_17 (Novoa
et al., 2017), and Gohin_05 (Gohin et al., 2005) for algorithm inter-
comparison. The first four algorithms were proposed to retrieve wide-
range CSPM with a smooth transition from relatively clear to highly
turbid waters, while Gohin_05 was for relatively clear waters only.
2.3.2.1. The Mao_12 algorithm. The Mao_12 algorithm uses a rather
complicated system with four indices to formulate a proxy (P) for CSPM.
Steps to illustrate the Mao_12 algorithm are summarized below,
= −X R λ η R λ1 ( ( ))/( ( ) )rs rs (8)
=X R R2 ( (λ ))/( (λ ) )rs rs1 2 (9)
∑=X R3 (λ )rs i (10)
∑=X δR δ4 (λ )/ λrs i i (11)
∑= + + + =P f X f X f X f X f( 1 2 3 4)/ i i1 2 3 4 1
4
(12)
= + ∗C 10 b b PSPM ( )1 2 (13)
where X1, X2, X3, and X4 are the four indices, and the wavelengths in
each index are selected based on the highest correlation coefficients of
the regression analysis between the index and CSPM. η in Eq. (8) is
determined along with the selected wavelength for X1. X4 is the sum of
the spectral slope at each wavelength, which is calculated from the
derivation of two neighboring Rrs(λ) in relation to their wavelengths.
The Mao_12 algorithm was initially calibrated at the center bands of
Sea-viewing Wide Field-of-view Sensor (SeaWiFS), which are 412, 443,
490, 510, 555, 670, 765, and 865 nm, respectively. Specifically, X1 is
computed at 670 nm with η as 0.085. X2 is the band ratio of Rrs(765) to
Fig. 3. The determination coefficient (R2) between CSPM and Rrs measurements for separate CSPM ranges. (a) R2 between CSPM and Rrs(λ) at a single VIIRS band. (b) R2
between CSPM and the band ratios of Rrs(λ) over Rrs(551).
Table 2
Empirical coefficients of the proposed GAASPM calibrated by the four in situ
datasets.
Coefficients a1 (mg/L) a2 c0 c1 c2 c3
Values 20.43 2.15 0.04 1.17 0.4 14.86
X. Yu, et al. Remote Sensing of Environment 235 (2019) 111491
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Rrs(510). X3 is the sum of Rrs(λ) at 510 and 765 nm. X4 is the sum of
spectral slopes at all SeaWiFS bands except 412 and 865 nm. The ori-
ginal values of f1-4 and b1-2 are 0.3, 0.2, 10, 1, 0.947, and 0.775, re-
spectively. These empirical coefficients are re-tuned using our datasets
with wavelengths for each index selected from the VIIRS center bands.
As a result, X1 is computed from Rrs(862) with η now as 0.075. X2 is the
band ratio of Rrs(862) to Rrs(551). X3 is the sum of Rrs(λ) at 671, 745,
and 862 nm. X4 is the sum of spectral slopes at all VIIRS-SNPP bands
except for 410 and 862 nm. The recalibrated values of f1-4 and b1-2 are
−0.49, 1.22, 9.37, 0.37, 14.29, and −0.08, respectively.
2.3.2.2. The Dogliotti_15 algorithm. Nechad et al. (2010) proposed a
generic algorithm to directly retrieve CSPM from a single band water-
leaving reflectance (ρw(λ)= π Rrs(λ), dimensionless). Dogliotti et al.
(2015) adapted the Nechad et al. (2010) algorithm and used two
respective algorithms to retrieve CSPM for relatively clear and turbid
waters,
= −C A λ ρ λ ρ λ C λ_ ( ) ( )/(1 ( )/ ( ) )T w wSPM clear 1 1 1 1 (14)
= −C A λ ρ λ ρ λ C λ_ ( ) ( )/(1 ( )/ ( ) )T w wSPM tur 2 2 2 2 (15)
where AT(λ) and C(λ) are wavelength-dependent calibration
coefficients and λ1 and λ2 are set to 645 and 859 nm, respectively.
The originally values of AT(λ) and C(λ) were 228.1 and 0.164 for λ1,
and 3078.9 and 0.211 for λ2, respectively. A switching scheme was also
proposed where CSPM= CSPM_clear when ρw(645) < 0.05 and
CSPM= CSPM_tur when ρw(645) > 0.07. For ρw(645) between 0.05 and
0.07, CSPM= (1-w) CSPM_clear + w CSPM_tur, with w as the weighting
factor changed linearly from 0 at ρw(645)= 0.05 to 1 at
ρw(645)= 0.07.
In this study, we recalibrated the Dogliotti_15 algorithm for VIIRS
bands (i.e. λ1=671 nm and λ2=862 nm) using the four in situ data-
sets, with recalibrated AT(λ) and C(λ) as 227.5 and 0.1736 for λ1, and
2485.1 and 0.2155 for λ2, respectively. The same switching and
blending schemes were adopted here but using ρw(671) values as the
switching boundaries.
2.3.2.3. The Han_16 algorithm. Han et al. (2016) also developed two
algorithms for clear and turbid waters based on the algorithm of
Nechad et al. (2010). The same Eqs. (14) and (15) are employed for
Han_16, but with λ1 and λ2 set to 671 and 745 nm, respectively. Note
that Han_16 also provides an option of using ρw(671) to estimate CSPM
for turbid waters, which is not considered in this study due to the
saturation of ρw(671) over extremely turbid waters (Shi and Wang,
2014). The original AT(λ) and C(λ) in Han et al. (2016) were set to
389.5 and 0.5 for 671 nm, and 2220.1 and 0.4 for 745 nm, respectively.
In this study, AT(λ) and C(λ) were recalibrated using our datasets, and
the optimized values are 227.2 and 0.35 for 671 nm, and 2338.8 and
0.23 for 745 nm, respectively. Han et al. (2016) proposed a different
blending scheme from Dogliotti_15, which is expressed as,
= ∗ + ∗
+
C W C W C
W W
_ _c SPM clear t SPM tur
c t
SPM (16)
where Wc and Wt are the weights for the estimated CSPM for clear and
turbid waters, respectively, and are calculated from Rrs(671).
Specifically, for Rrs(671) < 0.03 sr−1, Wc is set to 1 and Wt is set to
0. For Rrs(671) > 0.04 sr−1, Wc is set to 0 and Wt is set to 1. For
Rrs(671) between the two boundaries, Wc and Wt are defined as,
= −W log log R10(0.04) 10[ (671)] c rs (17)
= −W log R log10[ (671)] 10(0.03) t rs (18)
2.3.2.4. The Novoa_17 algorithm. Novoa et al. (2017) proposed a multi-
conditional algorithm for CSPM retrieval, which switches among five
different algorithms based on the ρw(671) values. The Novoa_17
algorithm is described in Table 4. The ‘Original’ expressions in
Table 4 employ the calibrated coefficients from Novoa et al. (2017),
while the ‘Recalibrated’ expressions use coefficients recalibrated from
the in situ datasets of this study. Novoa_17 has three key algorithms
(CSPM_Green, CSPM_Red, and CSPM_Green in Table 4) for clear, moderately
turbid, and highly turbid waters, respectively, and uses two blending
algorithms (CSPM_Green-Red and CSPM_Red-NIR) to obtain smooth transitions
of the estimated CSPM. The weighting factors (α1-2 and β1-2) for
CSPM_Green-Red and CSPM_Red-NIR in Table 4 are calculated as following,
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where SL95+ and SL95- are the lower smoothing bounds derived from the
95% confidence levels of the regression curve between ρw(671) and
ρw(551), while SH95+ and SH95- are the higher smoothing bounds
derived from the ρw(862)-ρw(671) regression curve (See Fig. 4 in
Novoa et al. (2017) for details). SL95+, SL95-, SH95+, and SH95- are
provided in Novoa et al. (2017) with values of 0.007, 0.016, 0.08, and
0.2, respectively, for Gironde estuary measurements. We adopted these
values to evaluate the validity of Novoa_17 in this study.
2.3.2.5. Gohin_05 algorithm. Gohin et al. (2005) assumed that CSPM
could be estimated as the sum of the concentrations by non-living SPM
(SPMnLv) and organic SPM (SPMo). Specifically, SPMnLv can be derived
Table 3
Quantitative CSPM retrieval algorithms from peer-reviewed articles.
Algorithm Original Recalibrated Remarks
Dsa_07 CSPM = 10ˆ(1.25 + 1.11 × log10(X)) CSPM = 10ˆ(-0.44 + 1.93 × log10(X)) X= Rrs(671)/Rrs(551)
He_13 CSPM = 10ˆ(1.076 + 1.123 X) CSPM = 10ˆ(1.14 + 0.92 X) X= Rrs(745)/Rrs(486)
Doxaran_02 CSPM = exp(3.132 X+3.01) CSPM = exp(2.8 X+3.53) X= Rrs(862)/Rrs(551)
GOCI CSPM = 10ˆ(0.088 + 1.627 X1 +1.121 X2) CSPM = 10ˆ(1.92 + 1.35 X1 -0.26 X2) CSPM≥ 50mg/L X1= Rrs(745)/Rrs(551) X2= Rrs(671)/Rrs(486)
CSPM = 10ˆ(0.649 + 25.623 X1 -0.646 X2) CSPM = 10ˆ(0.59 + 13.5 X1 -0.66 X2) CSPM < 50mg/L X1=Rrs(551) +Rrs(671) X2= Rrs(486)/Rrs(551)
Shen_10 CSPM=2×0.078 X/(10.629× (0.078-X)2) CSPM= 2×7.75 X/(0.0004× (7.75-X)2) CSPM < 50mg/L X= Rrs(671)
CSPM=2×0.104 X/(1.804× (0.104-X)2) CSPM= 2×0.11 X/(0.002× (0.11-X)2) CSPM≥ 50mg/L X= Rrs(862)
Table 4
The multi-conditional Novoa_17 algorithm for CSPM retrieval. The weighting
factors (α1-2 and β1-2) for CSPM_Green-Red and CSPM_Red-NIR are calculated following
Eqs. (19) - (20) in the text.
ρw (671) values SPM algorithm Expressions
Original Recalibrated
< 0.007 CSPM_Green 96.6 ρw (551) 93.5 ρw (551)
(0.007; 0.016) CSPM_Green-Red α1 CSPM_Green + β1 CSPM_Red
(0.016; 0.08) CSPM_Red 575.8 ρw (671) 529.3 ρw (671)
(0.08; 0.12) CSPM_Red-NIR α2 CSPM_Red + β2 CSPM_NIR
> 0.12 CSPM_NIR 32110
ρw(862)2 + 2204
ρw(862)
73489 ρw(862)2 -
1389.5 ρw(862)
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from normalized water-leaving reflectance at the green or red bands
with assumptions of constant mass-specific particulate absorption and
backscattering coefficients (See their Eq. (18) and Table 3 for details).
The SPMo can be converted from the concentration of particulate
organic carbon (POC), which can be estimated from chlorophyll-a
concentration ([Chl]). As a result, the Gohin_05 algorithm can be
expressed as,
= +C SPM 234[Chl] ,SPM nLv 0.57 (21)
where [Chl] is retrieved from a five-band algorithm using a specific
look-up-table (LUT) (Gohin et al., 2002). Note that the recalibration of
Gohin_05 was not performed in this study, given that only a few [Chl]
measurements in our datasets can be found to update the LUT.
Therefore, in this study, we evaluate the performance of Gohin_05
using its original LUT and mass-specific particulate absorption and
backscattering coefficients, provided by Dr. Francis Gohin at the
authors' request.
2.4. Statistical measures for model performance
To evaluate the performance of each algorithm, several statistical
measures were introduced in this study, including the slope, the coef-
ficient of determination (R2), the relative mean absolute difference
(rMAD), and the root mean square difference (RMSD). The slope and R2
are computed from the linear regression between the measured and the
derived CSPM using the Model-II regression (Laws, 1997). The rMAD
and RMSD are defined by,
∑= − ×rMAD 1 derived/measured / N 100% (22)
∑= −RMSD (derived measured) /N2 (23)
where N is the number of data points.
The performances of the abovementioned algorithms from the lit-
erature were first evaluated by applying them to the four in situ datasets
using their original algorithm coefficients. Statistic measures are tabu-
lated in Table 5, where the derived CSPM from these algorithms are
found with relatively large uncertainties, except for the Doxaran_02.
Such performances are likely due to both data characteristics and data
processing, as empirical algorithms are always data dependent.
Therefore, a re-tuning of the algorithm coefficients is necessary to en-
sure apple-to-apple comparisons between these algorithms and
GAASPM.
For the recalibrated algorithms, model win rate (MWR) (Seegers
et al., 2018) is adopted here as an additional metric to evaluate the
algorithm performance. A pair-wise comparison of the absolute residual
difference (= |derived – measured|) was performed for each sample,
and the algorithm with a lower residual was designated as the winner.
MWR is defined as the percent wins for each algorithm. In this study,
each algorithm was pair-to-pair compared to other candidate algo-
rithms to calculate the MWR. We adopted the average MWR of each
algorithm as the metric to evaluate its overall performance, which is
hereafter referred to as the overall win rate (OWR).
3. Results
3.1. Inter-comparison of CSPM retrieval algorithms
Validation results of GAASPM, as well as these recalibrated algo-
rithms described in Section 2.3, are presented in Fig. 4. Considering the
applicable range of each CSPM algorithm, the performance of each al-
gorithm was evaluated for the entire CSPM range, the subset of less
turbid waters (CSPM < 50mg/L), and the subset of highly turbid waters
Fig. 4. Validation and inter-comparison of CSPM retrieval algorithms. Panels (h) and (i) present the validation results of Dsa_07 and Gohin_05 for CSPM < 50mg/L,
while panels (j) and (k) show the validation results of He_13 and Doxaran_02 for CSPM > 50mg/L.
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(CSPM > 50mg/L), respectively. Statistic measures of each algorithm
for the three CSPM range are given in Table 6.
Evaluation of algorithms over the entire CSPM range shows that
GAASPM has the best performance with points more closely distributed
to the 1:1 line (Fig. 4a). GAASPM also has the highest R2 (0.91), and the
smallest rMAD (41.3%) and RMSD (122.0 mg/L) for the derived CSPM
among all algorithms that have valid retrievals over the entire CSPM
range (Table 6). Dogliotti_15 and Shen_10 also have comparable CSPM
retrieval accuracy with GAASPM with rMADs of 44.6% and 42.5%, re-
spectively, followed by the GOCI with an rMAD of 46.3%. The OWRs of
GAASPM, Dogliotti_15, and Shen_10 over the entire CSPM range also
confirm their comparable performance, with the values of 57.9%, 58.0,
and 56.8%, respectively. Note that the performance of GAASPM, Do-
gliotti_15, GOCI, and Shen_10 in highly turbid waters are very con-
sistent (rMAD~ 32%). Therefore, the better performance of GAASPM
over the entire CSPM range is because GAASPM also performs well in less
turbid waters (Table 6).
In addition, including OWR as one of the metrics allows for a better
understanding of the error distribution for each algorithm. For example,
the performance of Shen_10 and GAASPM in highly turbid waters are
very comparable in terms of rMAD (32.6% and 32.2%, respectively),
but OWR of Shen_10 (= 64.7%) is much higher than that of GAASPM (=
54.4%), suggesting that more retrievals from Shen_10 are with large
residuals, or ‘outliers’. Detailed discussion on these different metrics
and their advantages and disadvantages can be referred to Seegers et al.
(2018).
Other algorithms capable of wide-range CSPM retrieval, Novoa_17,
Han_16, and Mao_12, are found with relatively larger uncertainties in
terms of both rMAD and RMSD. Mao_12 is observed with significant
uncertainties for highly turbid waters with an rMAD of 61.7%, which is
mainly attributed to the significantly underestimated CSPM within the
50–400mg/L range (see Fig. 4e). The relatively larger uncertainties of
Novoa_17 and Han_16 are also attributed to the retrievals in moderately
turbid waters, especially for those of the SeaSWIR dataset (see Figs. 4b
and d). In addition, Han_16 uses Rrs(745) instead of Rrs(862) for CSPM
retrieval in extremely turbid waters, which results in saturated re-
trievals of CSPM.
Dsa_07 and Gohin_05 were explicitly developed for less turbid wa-
ters. However, evaluations of Dsa_07 and Gohin_05 show that they have
relatively larger uncertainties compared with GAASPM. For Dsa_07, it
appears that the algorithm is no longer sensitive for CSPM below 5mg/L
(Fig. 4h). For Gohin_05, as it has not been recalibrated or optimized
using our datasets, the relatively larger uncertainties could be expected
(Fig. 4i).
Evaluation results of Doxaran_02 and He_13, explicitly proposed for
highly turbid waters, are presented in Figs. 4j and k, respectively.
Doxaran_02 has been observed with the smallest rMAD of 31.6%, fol-
lowed by GAASPM with an rMAD of 32.2%. He_13, on the other hand,
has relatively larger uncertainties with an rMAD of 42.5%, which is
likely because that He_13 utilizes Rrs(745) instead of Rrs(862) for CSPM
retrieval, as Rrs(862) is more sensitive to CSPM of highly turbid waters.
However, it appears that GAASPM could arguably perform the best for
the turbid subset as GAASPM-retrieved CSPM has the highest R2 (0.88)
and smallest RMSD (174.23mg/L) among all algorithms (Table 6).
Table 5
Statistics of the quantitative CSPM retrieval algorithms using their original empirical coefficients.
Novoa_17 Dogliotti_15 Han_16 Mao_12 GOCI Shen_10 Dsa_07 Gohin_05 He_13 Doxaran_02
All (N=437) Slope 0.73 1.17 0.46 0.00 34.34 1.08 NA NA NA NA
R2 0.78 0.80 0.65 0.52 0.79 0.78 NA NA NA NA
rMAD (%) 78.6 55.1 62.7 290.5 1159.7 168.5 NA NA NA NA
RMSD 191.8 204.6 273.4 427.5 13771.7 196.8 NA NA NA NA
SPM < 50mg/L (N=214) Slope 1.58 2.10 1.76 0.04 12.76 12.48 5.85 2.32 NA NA
R2 0.53 0.44 0.40 0.50 0.03 0.13 0.66 0.07 NA NA
rMAD (%) 114.3 64.5 77.9 479.5 140.8 290.3 1921.9 277.63 NA NA
RMSD 10.5 14.9 12.7 9.3 116.5 114.0 67.2 9.91 NA NA
SPM > 50mg/L (N=223) Slope 0.70 1.16 0.41 0.00 36.93 1.04 NA NA 1.83 0.96
R2 0.69 0.72 0.50 0.35 0.74 0.74 NA NA 0.80 0.83
rMAD (%) 41.3 45.3 46.9 93.6 2221.5 41.6 NA NA 79.8 36.9
RMSD 273.8 292.0 390.5 610.9 19679.5 256.1 NA NA 534.3 218.0
* NA indicates no information available or not applicable.
Table 6
Statistics of the derived CSPM by quantitative CSPM retrieval algorithms with recalibrated empirical coefficients using the four in situ datasets of this study.
This Study Novoa_17 Dogliotti_15 Han_16 Mao_12 GOCI Shen_10 Dsa_07 He_13 Doxaran_02
All (N=437) Slope 0.91 0.92 0.74 0.84 1.00 0.87 0.91 NA NA NA
R2 0.91 0.80 0.80 0.67 0.79 0.90 0.82 NA NA NA
rMAD (%) 41.3 76.2 44.6 61.2 64.6 46.3 42.5 NA NA NA
RMSD 122.0 171.8 183.8 219.6 183.4 128.6 162.8 NA NA NA
OWR (%) 57.9 48.9 58.0 46.7 29.0 52.7 56.8 NA NA NA
SPM < 50mg/L (N=214) Slope 0.97 1.11 1.38 1.87 0.26 0.46 0.60 1.13 NA NA
R2 0.59 0.55 0.46 0.27 0.36 0.17 0.51 0.52 NA NA
rMAD (%) 50.0 102.9 56.3 60.0 67.5 59.6 52.1 53.3 NA NA
RMSD 6.5 7.2 9.4 14.7 9.5 9.3 7.1 7.9 NA NA
OWR (%) 57.3 48.3 52.7 57.6 27.7 50.2 46.7 46.4 NA NA
SPM > 50mg/L (N=223) Slope 0.94 0.93 0.72 0.80 1.07 0.89 0.87 NA 0.77 1.00
R2 0.88 0.72 0.72 0.53 0.74 0.87 0.74 NA 0.80 0.85
rMAD (%) 32.2 48.3 32.4 62.4 61.7 32.4 32.6 NA 42.5 31.6
RMSD 174.2 245.4 262.5 313.5 262.0 183.6 232.5 NA 224.2 188.4
OWR (%) 54.4 45.7 59.6 31.6 30.0 51.9 64.7 NA 52.7 59.3
* NA indicates no information available or not applicable.
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Further discussions of GAASPM are presented in Section 4.1.
3.2. SPM mapping products
The NIR-SWIR atmospheric correction algorithm was first evaluated
by comparing satellite-derived Rrs(λ) with match-up Rrs(λ) from ground
measurements, which is presented in Fig. 5. Overall, good agreements
are observed between the field-measured Rrs(λ) and the VIIRS-derived
Rrs(λ) at 486, 551, and 671 nm, with rMADs of 18.7%, 14.3%, and
15.4%, respectively. However, significant uncertainties are observed
for VIIRS-derived Rrs(λ) at 443, 745, and 862 nm, with rMADs of
38.2%, 108.1%, and 79.4%, respectively. Since the band 443 nm is not
involved in GAASPM, the uncertainties of VIIRS Rrs(443) will not be
discussed in this study. The large uncertainties of Rrs(745) and Rrs(862)
are mainly observed in relatively clear waters, but their impacts on the
derived CSPM by GAASPM can be neglected in such waters (see discus-
sions in Section 4.2). Note that validation of the NIR-SWIR atmospheric
correction algorithm was not performed for extremely turbid waters
due to no available match-ups in this study. However, previous efforts
have demonstrated that the NIR-SWIR algorithm could yield accurate
Rrs(NIR) over turbid coastal and estuarine waters for multiple satellite
data, including the VIIRS-SNPP (Wang et al., 2007, 2011). Therefore,
the NIR-SWIR atmospheric correction is deemed to be adequate for
CSPM retrieval in both clear and turbid waters.
In this study, as demonstrations, GAASPM was applied to VIIRS-SNPP
Rrs(λ) products to map the spatial distribution of CSPM over two highly
turbid estuaries: China's Changjiang estuary and Argentina's Río de La
Plata estuary. The recalibrated Novoa_17, Dogliotti_15, Shen_10, GOCI,
and Mao_12 algorithms were also implemented to the same VIIRS-SNPP
data for algorithm inter-comparison.
The six CSPM retrieval algorithms were first implemented to a VIIRS-
SNPP image acquired on April 8, 2018, over the Changjiang estuary
with the CSPM mapping products presented in Figs. 6a–f. Overall, the
CSPM mapping products by the six algorithms present similar patterns in
the spatial distribution where high CSPM is frequently found in the Subei
Coast and the Hangzhou Bay (see their respective locations in Fig. 6a).
A decreasing trend of CSPM can be observed from the coast to the off-
shore waters, and rapid declines of CSPM occur at the front of the tur-
bidity plume. The major differences among these mapping products lie
in the range of the derived CSPM, especially for CSPM in the offshore
areas and the turbidity maxima zone.
It is difficult to quantitatively evaluate the accuracy of the CSPM
maps due to the lack of high-quality satellite-ground match-ups.
Notably, the spatial variation of the “ground-truth” CSPM at the VIIRS
pixel scale (750m×750m) cannot be neglected for turbid estuaries.
As a result, discrepancies between VIIRS-derived and in situ-measured
CSPM could be expected even for a “perfect” match-up on time and lo-
cation, not to mention that VIIRS Rrs(λ) is derived from a 3-by-3-pixel
window. However, the ranges of the derived CSPM by the six algorithms
could give some insights into their respective performances. For the
offshore waters, the derived CSPM by GAASPM, Dogliotti_15, Mao_12,
and GOCI are overall comparable, while Shen_10 produces much lower
CSPM, and Novoa_17 yields relatively higher CSPM. As an indirect vali-
dation, the measured CSPM at the offshore area, highlighted in Fig. 6b
with the red dashed rectangle, in March of 2013 was between 0.7 and
6.8 mg/L with an average CSPM of 3.4mg/L (N=14), which agrees well
Fig. 5. Validation of VIIRS NIR-SWIR Rrs(λ) product against field measurements collected within 1 h of the acquisition of the VIIRS image.
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with the retrievals by GAASPM, Dogliotti_15, and GOCI (Figs. 6a, c, and
e).
Variations of the retrieved CSPM along a transect (Lines A Fig. 6a)
also confirm the consistent estimations of CSPM by GAASPM, Do-
gliotti_15, and GOCI in offshore waters (see Figs. 6h and i). Compared
with GAASPM, Mao_12 seems to underestimate the CSPM for low and
moderate turbidity waters (see Fig. 6h), which is also observed in
Fig. 4e. For the turbidity maxima zones in the Hangzhou Bay and the
Subei Coast, the derived CSPM ranges by the GAASPM and Shen_10 are
overall comparable, while GOCI predicts slightly lower CSPM and
Mao_12 yields much higher CSPM. Compared with GAASPM, Novoa_17
seems to overestimate CSPM in moderate turbidity waters, such as in the
Southern part of the Subei Coast. Dogliotti_15, on the other hand, could
probably underestimate CSPM in the turbidity maxima zone in the
Hangzhou Bay. As mentioned in Dogliotti et al. (2015), the Dogliotti_15
algorithm tends to saturate in high turbidity waters, which could result
in the underestimations of CSPM. As shown in Fig. 4c, we do observe the
tendency of underestimation of Dogliotti_15-derived CSPM for
CSPM> 1000mg/L. Note that measured CSPM from the turbid zones in
the Hangzhou Bay reached 2000mg/L in February, which is close to the
predicted results by GAASPM and Shen_10. Therefore, we could argue
that VIIRS-derived CSPM by the GAASPM and Shen_10 in turbid waters
could be more reasonable. However, further evaluation with rigorously
matched ground measurements is still required, since CSPM in the
Changjiang estuary frequently changes in both magnitude and the
spatial distribution.
In addition, discontinuities of the derived CSPM are observed at the
front of the turbidity plume by Shen_10 and GOCI, as shown in Figs. 6e
and f, which are attributed to the same hard-wired switching scheme
employed by these two algorithms. For areas straddling the threshold
pixel with Rrs(670)= 0.02 sr−1, two different algorithms were applied
to derive CSPM, which causes a sudden change of the derived CSPM for
the neighboring pixels. The numerical discontinuities of VIIRS-derived
CSPM by Shen_10 and GOCI are better visualized by the variations of the
derived CSPM along the one transect from the coast to the outer shelf
(Line A in Fig. 6a). Transect A spans over both clear and highly turbid
waters and, therefore, allows synoptic views of the performance of the
six algorithms in different types of waters. As highlighted by the dashed
ellipse in Fig. 6g, sudden declines of VIIRS-derived CSPM by Shen_10 and
GOCI are observed around the threshold pixel, with the derived CSPM
varies by 1–2 orders of magnitude for the two neighboring pixels. Al-
though there might exist real discontinuities of CSPM in natural waters,
such discontinuities should also be reflected in Rrs measurements.
However, Rrs(671) along the transect A shows rapid decreases at the
front of the turbidity plume but no sudden and significant drop in va-
lues (see Fig. 6h). Therefore, the discontinuities observed in the CSPM
mapping products of Shen_10 and GOCI are directly introduced by the
hard-wired switching schemes. The proposed GAASPM, on the other
hand, uses a progressive index and could avoid the numerical dis-
continuity. The Novoa_17, Dogliotti_15, and Mao_12 algorithms can
provide continuous CSPM maps as well, but their overall performance is
less robust as GAASPM.
The six algorithms were also employed to map CSPM over another
turbid estuary, the Río de La Plata estuary of Argentina, and the CSPM
mapping products are presented in Fig. 7. Consistent with the results
from the Changjiang estuary shown in Fig. 5, GAASPM has comparable
CSPM retrievals with Shen_10 in relatively turbid waters from the river
mouth to the front of turbidity plume, while the derived CSPM by
Novoa_17, Dogliotti_15, and GOCI are slightly lower in such an area.
Mao_12 predicts the highest CSPM in the turbidity maxima regions and
Fig. 6. VIIRS-SNPP CSPM mapping products over the Changjiang estuarine and coastal waters derived by GAASPM (a), Novoa_17 (b), Dogliotti_15 (c), Mao_12 (d),
GOCI (e), and Shen_10 (f), respectively. Variations of the derived CSPM from the six algorithms and the VIIRS Rrs(λ) at 671, 745, and 861 nm along a transect (Lines A
in panel (a)) are presented in panels (g) and (h), respectively. Derived CSPM over 5000mg/L by Mao_12 is not shown in panel (g). The VIIRS-SNPP data is merged
from two images acquired at 04:44:20 UTC and 04:45:46 UTC on April 8, 2018.
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becomes insensitive to CSPM variation from the turbidity front to off-
shore waters (Fig. 7d). Shen_10 systematically underestimates CSPM in
less turbid waters with the derived CSPM generally less than 1mg/L
(Fig. 7f). In contrast to Shen_10, the derived CSPM by the GAASPM in less
turbid waters roughly varies between 0.1 and 20mg/L (Fig. 7a). The
performances by the six algorithms in the Río de La Plata estuary have
also been evaluated along a transect highlighted in Fig. 7a. All algo-
rithms, except for the Mao_12, have very comparable CSPM retrievals in
moderately turbid waters from P1 to the front of the turbidity plume
and then have very different performances in the turbidity maxima
zone and relatively clear waters. The discontinuity in CSPM spatial dis-
tribution is observed from the mapping products of Shen_10 and GOCI
(Figs. 7e and f, respectively), which is also highlighted in Fig. 7g.
4. Discussion
4.1. The proposed CSPM retrieval algorithm
The proposed GAASPM has the overall best performance for the en-
tire CSPM range in this study among all candidate algorithms, which
could be attributed to the fact that the GAASPM takes advantage of the
sensitivity of Rrs(λ) to CSPM in different CSPM ranges. The introduced
weighting factors ensure that the generalized index (GISPM, in Eq. (5)) is
dominated by Rrs(671) in clear waters and by Rrs(862) in highly turbid
waters. For instance, as shown in Fig. 8, in relatively clear waters where
CSPM< 10mg/L, the weighted Rrs(671), defined as c1×W1× Rrs(671),
according to Eq. (5), is about 1–2 orders of magnitude larger than the
weighted Rrs(745) and Rrs(862), which are defined as
c2×W2× Rrs(745) and c3×W3× Rrs(862), respectively. Therefore,
Rrs(671) plays a dominant role in GISPM for such waters. To the con-
trary, in highly turbid waters, the weighted Rrs(862) is about 1–2 orders
of magnitude larger than the weighted Rrs(671) and Rrs(745), and thus
dominates the GISPM in determining CSPM. Therefore, the introduced
weighting system can successfully and seamlessly adjust the role of each
band to ensure a progressive application of Rrs(λ) in the longer wave-
lengths for increasing CSPM, which avoids potential discontinuities in
the derived CSPM. More importantly, GAASPM does not require arbitrary
Fig. 7. Same as Fig. 6, but for CSPM mapping products over the Río de La Plata estuary of Argentina. Panels (g) and (h) show the variation of the derived CSPM by the
six algorithms and VIIRS Rrs(λ) at 671, 745, and 861 nm along the transection from P1 to P2 in panel (a). The VIIRS-SNPP data is merged from two images acquired at
18:10:12 UTC and 18:11:37 UTC on November 25, 2017.
Fig. 8. The contribution of weighted Rrs(λ) (denoted as ci ×Wi × Rrs(λi) in Eq.
(5)) at λ1 (671), λ2 (745), and λ3 (862) to the GISPM with respect to increasing
CSPM. The scatter plots are based on the four in situ datasets.
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switching boundaries and is, therefore, more applicable for global
waters than the hard-wired or blended switching schemes.
Although Rrs(745) is most sensitive to CSPM in the moderately turbid
waters (see Fig. 3a), it appears that the weighted Rrs(745) has insig-
nificant contribution to GISPM for our datasets (see Fig. 8), which could
probably be attributed to the fact that a relatively small number of
moderately turbid samples were used in the algorithm calibration. Be-
sides, we recalibrated the proposed algorithm without Rrs(745) as an
input, i.e., a four-band algorithm. Although the performance of the four-
band algorithm was only slightly worse than GAASPM for the entire
range (the difference in rMAD is 0.4%), for the moderately turbid wa-
ters, rMAD of the derived CSPM is 4.5% larger for the four-band algo-
rithm than GAASPM (figure not shown here). Therefore, it is necessary to
include Rrs(745) in the development of a more inclusive dataset for the
CSPM algorithm to account for CSPM retrieval in moderately turbid wa-
ters.
An overall rMAD of 41.3% for GAASPM-derived CSPM still implies
considerable uncertainties of GAASPM over the entire CSPM range, which
is mainly due to the relatively larger uncertainties of the derived CSPM
in less turbid waters. Note that rMADs of the derived CSPM by all ap-
plicable algorithms in less turbid waters are mostly around 50%–60%,
while rMADs of the retrieved CSPM in highly turbid waters by most
algorithms are only around 30%. This relatively poor Rrs(λ)-CSPM re-
lationship in less turbid waters could be explained by many factors.
First, the uncertainties of measured Rrs(671) in less turbid waters could
be relatively large due to the very low values. Also, there might be
inconsistency in measured Rrs(λ) among the four in situ datasets, due to
different instrumentations and correction methods to remove residual
surface reflection for the above-water measurements. The uncertainties
of measured CSPM could also be relatively large for samples collected
from less turbid waters, as fine particles (size < 0.7 μm) were unlikely
retained during the filtration due to the use of GF/F filter. On the other
hand, in less turbid waters, the CSPM-sensitive Rrs(λ) shifts to shorter
wavelengths, where the absorption coefficients of water components,
such as phytoplankton, colored dissolved organic matter, and inorganic
matter, have more impacts on the Rrs(λ) variability. In other words, a
change in the Rrs(λ) spectrum in the visible domain is less likely the
result of a change in CSPM for such waters. Given that the component
absorption coefficients could vary significantly among global oceans,
the CSPM-Rrs(λ) in less turbid waters could be region-dependent. The
present results confirm the weak correlation between CSPM and Rrs(λ)
among global measurements (e.g., small R2 between CSPM and Rrs(λ) for
CSPM < 10mg/L in Fig. 3a). Nevertheless, compared to the listed al-
gorithms in Section 2.3, the proposed GAASPM can partly account for
the global variability of the Rrs(λ)-CSPM relationship and yields the most
accurate retrievals of CSPM for relatively clear waters (Table 6).
For turbid waters, CSPM is sensitive to Rrs(λ) at longer wavelengths,
where the particulate backscattering coefficient dominates the varia-
bility of Rrs(λ) as water molecules are the main absorbing component.
Thus, much higher R2 values are found in the Rrs(λ)-CSPM relationships
in highly turbid waters (see Fig. 3a). As shown in Table 3, the recali-
brated empirical constants are quite comparable with the original ones
for the Doxaran_02 algorithm, given that the two sets of empirical
constants were calibrated from different datasets. The rMAD of the
derived CSPM by Doxaran_02 using their original empirical constants
equals to 36.9% (Table 5), while the recalibrated algorithm is slightly
improved with rMAD of 31.6% (Table 6). Such findings confirm that a
well-calibrated Rrs(λ)-CSPM relationship from highly turbid waters has
reduced regional variability, and therefore smaller errors are expected
when applying it to very different regions. The reduced regional
variability or data dependency of the Rrs(λ)-CSPM relationship in highly
turbid waters explains the consistent retrievals from the GAASPM and
other algorithms that employ the Rrs(862) in their algorithm's devel-
opment, such as Dogliotti_15, Shen_10, and Doxaran_02.
Although Novoa_17, Dogliotti_15, Han_16, and Mao_12 also allow
smooth retrievals for wide-range CSPM, there are important differences
between GAASPM and these algorithms. The Mao_12 is based on a rather
complicated proxy and is therefore not easy to be implemented for
satellite data, especially when the selected wavelengths for each index
(Eq. (8) - (11)) require pre-calibrations and are data dependent. The
large uncertainties of Novoa_17 (Fig. 4b) could be expected as
Novoa_17 simply employs linear relationships between CSPM and re-
flectance at the green and red bands to calculate the CSPM_Green and
CSPM_Red (see Table 4), respectively, while such relationships are sup-
posed to be region dependent (see Fig. 3a). Also, for Novoa_17, Do-
gliotti_15, and Han_16, they all employ switching boundaries in their
algorithms, which could result in significant uncertainties for samples
that were wrongly classified by the switching boundaries. Take Do-
gliotti_15 for example, in our in situ datasets, 19 samples with
ρw(671) > 0.07 have CSPM less than 50mg/L. The switching scheme of
Dogliotti_15 will employ ρw(862) to derive CSPM for these 19 samples
and results in an rMAD of 187.1%. The wrong classification by the
boundaries could partly explain why there are ‘outliers’ in the valida-
tion results of Novoa_17 (Fig. 4b), Dogliotti_15 (Fig. 4c), and Han_16
(Fig. 4d). The switch scheme of GAASPM, on the other hand, is based on
the relative value of Rrs(λ), instead of using a single band Rrs(λ). Thus,
GAASPM could effectively reduce the presence of such outliers. More
importantly, the selected boundaries for relatively clear waters in
Novoa_17, Dogliotti_15, and Han_16 were all from their respective
study regions. However, the designated boundaries differed largely
from ρw(671)= 0.05 to ρw(671)= 0.094, suggesting the saturation of
ρw(671) to the level of CSPM could be region dependent (Shi and Wang,
2014). In this study, it appears that the boundary adopted in Do-
gliotti_15 works the best for our datasets, but such selection could fail
for the calibration datasets in Novoa et al. (2017) and Han et al. (2016).
Therefore, it is important to obtain a unified boundary for global ap-
plications for such type of algorithms. GAASPM, on the other hand,
could be globally applicable, given that it does not require any hard
switching boundaries.
4.2. Sensitivity of the derived CSPM to uncertainties of Rrs(NIR)
Measured Rrs(λ) at the NIR bands, by field instruments or satellite
sensors, are always subject to uncertainties due to low signals in these
wavelengths, especially for relatively clear waters. Validation of the
NIR-SWIR atmospherically corrected Rrs(λ) in Fig. 5 also shows that
there might be relatively larger uncertainties of Rrs(NIR) from VIIRS-
SNPP. Therefore, the sensitivity of the GAASPM to the uncertainties of
Rrs(NIR) needs to be assessed, especially when the uncertainties of sa-
tellite-measured Rrs(NIR) could be high and are not well known. It
should be noted that large uncertainties may also come from in situ
Rrs(NIR) measurements, particularly for the relatively clear waters with
very small Rrs(NIR) values.
Tests were carried out for the VIIRS-SNPP image used in Fig. 6 with
systematic errors of± 10% and±20% added to the two NIR bands at
745 and 862 nm, respectively. These error-included VIIRS-SNPP images
were then employed to derive CSPM using GAASPM. Fig. 9 shows the
density scatter plots to present the comparisons between the originally
derived CSPM and the derived CSPM from the error-included images.
Statistical results are given for less turbid and highly turbid waters,
respectively, to better demonstrate the impact of Rrs(NIR) uncertainties
on the CSPM retrieval for waters with different CSPM ranges.
As shown in Fig. 9, uncertainties of Rrs(NIR) have negligible impacts
on retrieved CSPM for less turbid waters. A maximum of 20% error
added to both Rrs(745) and Rrs(862) only results in less than 2% in the
derived CSPM for waters with CSPM < 50mg/L, which is because
Rrs(671) is often 1–2 orders of magnitude larger than those of Rrs(NIR)
in less turbid waters. Even with 40% error for the two NIR bands,
Rrs(671) still contributes the most weight to the GISPM for
CSPM < 50mg/L.
For turbid waters, the derived CSPM is more sensitive to the un-
certainties of Rrs(NIR), but overall has smaller or equivalent errors to
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the errors added to Rrs(NIR). As shown in Fig. 9a, a total of −40% error
introduced to Rrs(745) and Rrs(862) results in an rMAD of 28.5% for the
derived CSPM, while a +40% error of Rrs(NIR) results in an rMAD of
38.2% for the derived CSPM. In both cases, the errors of the derived CSPM
are smaller than the errors added to Rrs(NIR). Considering most atmo-
spheric correction algorithms tend to underestimate Rrs(NIR), instead of
the other way around, satellite-derived CSPM by GAASPM is expected to
be relatively noise-tolerant to the underestimation of Rrs(NIR) by the
atmospheric correction.
5. Conclusions
In this study, we proposed an empirical algorithm that allows ef-
fective and seamless retrieval of CSPM from ocean color across ocean to
highly turbid river mouths, where existing algorithms in the literature
will generally result in either unjustified numerical discontinuities or
larger uncertainties. Validation of GAASPM and inter-comparison with
existing algorithms (after recalibration with the datasets of this study)
give confidence to the application of GAASPM over regions with a wide
range of CSPM. Given that the GAASPM is calibrated based on data col-
lected from multiple estuarine and coastal regions around the world,
GAASPM shows a feature of global applicability, which is essential to
generate CSPM maps from satellite ocean color sensors. Demonstrations
using VIIRS-SNPP images over two turbid river mouths were presented,
where GAASPM produced reasonable CSPM maps in terms of both the
range of the derived CSPM and the spatial distribution pattern. Since
there are many operational satellite ocean color sensors that have si-
milar band configurations as VIIRS in the visible-NIR domains, GAASPM
could be easily adapted to those satellite data after mild sensor-based
adjustments to produce global CSPM maps with improved spatial-
temporal resolution through merging of multi-sensor data.
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Appendix 1. Interpolation of the measured Rrs(λ) for the COASTLOOC dataset
Absorption by pure water dominates the total absorption coefficients at NIR bands in offshore waters and open oceans. To obtain accurate Rrs(λ)
at 745 nm and construct a reasonable spectral feature at the NIR bands for the COASTLOOC dataset from the measured Rrs(λ) at the twelve
wavelengths (see Table 1), a semi-analytical interpolation approach is employed.
Non-water absorption and backscattering coefficients (anw and bbp, in m−1) are first derived from measured Rrs(λ) at the twelve COASTLOOC
wavelengths using the quasi-analytical algorithm (QAA) (Lee et al., 2002). The derived anw is then linearly interpolated to hyperspectral data from
411 to 866 nm with an increment of 1 nm. The derived bbp is interpolated to the same wavelength range following the parameterization of bbp in
QAA. Given that absorption and backscattering coefficients of pure water (aw and bbw) are known (Kou et al., 1993; Morel, 1974; Pope and Fry,
1997), hyperspectral total absorption and backscattering coefficients (a(λ) and bb(λ)) are estimated by,
= +a a a(λ) (λ) (λ)nw w (A1)
= +b b b(λ) (λ) (λ)b bp bw (A2)
Hyperspectral Rrs(λ) can be finally determined from a(λ) and bb(λ) following,
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where rrs(λ) is the remote sensing reflectance beneath the surface with g0= 0.089 and g1= 0.125 (Gordon et al., 1988; Lee et al., 1999).
Using QAA for the retrieval of anw and bbp, instead of inversion algorithms using spectral optimization, would ensure the interpolated Rrs(λ)
matches the measured Rrs(λ) exactly at the twelve COASTLOOC wavelengths. To evaluate the performance of the semi-analytical interpolation
approach, measured Rrs(λ) of the UMB dataset was first resampled to the twelve COASTLOOC wavelengths, and Rrs(745) was then estimated from the
above described semi-analytical interpolation, as well as from the linear interpolation between Rrs(705) and Rrs(779). Fig. A1 shows a comparison of
estimated Rrs(745) by the two interpolation methods, which demonstrates that the semi-analytical approach can provide much more consistent
estimations of Rrs(745) than the linear interpolation method.
Fig. A1. Evaluation of the interpolated Rrs(λ) at 745 nm by the linear and the semi-analytic approaches, using the UMB dataset as an example.
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